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Results: PhyteByte uses a cheminformatic approach to structure-based activity prediction and applies it to 24 uncover the putative bioactivity of food compounds. The tool takes an input protein target and develops a 25 random forest classifier to predict the effect of an input molecule based on its molecular fingerprint, using 26 structure and activity data available from the ChEMBL database. It then predicts the relevant bioactivity of a 27 library of food compounds with known molecular structures from the FooDB database. The output is a list of 28 food compounds with high confidence of eliciting relevant biological effects, along with their source foods and 29 associated quantities in those foods, where available. Applying PhyteByte to the PPARG gene, we identified 30 irigenin, sesamin, fargesin, and delta-sanshool as putative agonists of PPARG, along with previously identified 31 agonists of this important metabolic regulator. While a select set of essential nutrients for humans has been well characterized, there is an abundance of 42 lesser-known compounds in the human diet, representing a type of exposure that has been referred to as the 43 "dark matter" of the human exposome [1-2]. These dietary bioactive compounds can have meaningful effects 44 on human phenotypes, to the extent that some, such as lutein and several flavonoids, are under discussion for 45 the establishment of dietary recommended intakes [3] . Despite the potentially important cumulative effects of 46 these compounds, little is known about their bioactivity in the body due to the difficulty of experimentally 47 assaying thousands of compounds for activity against thousands of potential gene products, combined with the 48 complexities of absorption, microbial interactions, and metabolism [4] . Cheminformatic methods, including 49 quantitative structure activity relationship (QSAR) models, can provide in silico approaches to prioritize 50 compounds and foods in experimental and epidemiological settings when only the structure of a food 51 compound is known. Pharmaceutical drugs can provide a critical set of anchors for such models, as their 52 primary biological mechanisms of action are typically well characterized. 53
54
Computational approaches to generating hypotheses related to food and food compound bioactivity have been 55 introduced [5-6]. However, existing methods have focused primarily on literature mining based on natural 56 language processing, rather than optimizing for the output of food compound activities related to a given input 57 gene or protein of interest. Methods described to date have used relatively basic QSAR methods, such as 58 comparisons based on Tanimoto similarity scores, which may fail to capture important signals. Additionally, 59 there can be significant utility in identifying the food(s) that contains a compound of interest both as a source 60 material or in the formulation of a novel product. The growth of relevant databases containing pharmaceutical 61 and food composition information continually offers opportunities to revisit and improve QSAR tools. The 62
United States Department of Agriculture (USDA) has a long history of producing high-quality data for its food 63 composition databases [7] , and inclusion of established or potential health effects would be a useful extension 64 of these data. 65 66 Here, we develop and demonstrate a machine learning-based approach, PhyteByte, that assigns putative 67 bioactivity to food compounds based on a training set of pharmaceutical drugs. We show the efficacy of 68 PhyteByte using the specific example of PPARG, the known target of the thiazolidinedione (TZD) drug class. 69 70 Implementation 71
In order to identify functional relationships between a food compound and a drug, along with its associated 72 bioactivity data, we used data from two sources: ChEMBL and FooDB. ChEMBL is a manually curated 73 database of almost 2 million (1,879,206 in version 25) bioactive molecules with drug-like properties [8] [9] . 74
These data were retrieved from ebi.ac.uk/chembl/ on 9/27/2019. FooDB (version 1.0) is a comprehensive 75 resource on food constituents, chemistry and biology, with over 85,000 compounds in its repository [10]. These 76 data were accessed from foodb.ca on 9/27/2019. As allele-specific binding data are not available in ChEMBL, 77
PhyteByte currently does not have the means to incorporate genetic variants into its prediction. 78
79
The PhyteByte computational pipeline is outlined in Figure 1 to ChEMBL that retrieves chemical structures for molecules with evidence of relevant bioactivity for the protein 91 encoded by that gene. Bioactivity is defined as an IC50 (inhibitory concentration: the concentration of the 92 molecule required to inhibit the biochemical function of the target by 50%) or EC50 (effective concentration; the 93 concentration of the molecule required to induce 50% of the maximal response or effect on the target) of 94 does not contain explicit annotations as to the effect type, a heuristic is used in which the strength of 96 antagonists and agonists are evaluated using IC50 and EC50 values, respectively. Compound structures are 97 retrieved as simplified molecular-input line-entry system (SMILES) strings. SMILES strings are a dense, 98
character-based representation of chemical compounds (for example, 99 Table 1) . 100
The SMILES strings are then converted into FP2 binary fingerprints using the Pybel Python package [11] , 101 which acts as a wrapper for the OpenBabel chemical file format interconversion tool. defaults. The training and testing dataset split is created by assigning a random 30% of compounds to the 121 testing dataset (including a consistent random seed for reproducibility), with the remaining 70% assigned to the 122 training dataset. We note that after evaluation, the final model used to process food compounds is trained on 123 the full dataset. An initial indication of model performance is evaluated in a 30% held-out testing set using the 124 F1 score, or the harmonic mean of precision and recall. This metric is calculated as 1 = 2 * * +
125
where precision is the fraction of predicted bioactive compounds that have evidence for bioactivity in ChEMBL, 126 and recall is the fraction of compounds with evidence for bioactivity in ChEMBL that are predicted to be 127 
Results & Discussion 140
We have demonstrated the functionality and output of PhyteByte using the input gene PPARG (CHEMBL235), 141 whose protein product is the target of the thiazolidinedione (TZD) drug class. TZDs are widely prescribed to 142 treat type 2 diabetes, and additionally may have broader cardiometabolic benefits [15] . However, TZDs also 143 have documented side effects and FDA-issued alerts of adverse effects [16], suggesting a potential benefit of 144 identifying alternative or complementary food-based bioactives. Details of the PhyteByte pipeline as realized 145
for PPARG agonists are presented in Figure 1 . 2977 positive compounds were retrieved from ChEMBL, along 146 with 297,700 negative compounds. The trained model exhibited an F1 score (harmonic mean of precision and 147 recall) of 0.94 in a 30% held-out set, indicating a reasonably strong discriminative capacity within the set of 148 8 molecules in ChEMBL. This score may be biased upwards due to limitations in the set of pharmaceutical 149 compounds explored to date, but nonetheless indicates an ability to classify potential food compounds 150 effectively. 151 152 When used to score compounds from FooDB, the model identified a series of molecules with potential agonist 153 bioactivity for PPARG. Table 1 lists the 10 molecules with a predicted bioactivity confidence of greater than 154 0.60 that also had associated foods in FooDB; tabulated results include the identified food compound, common 155 synonyms, CAS and FooDB identifiers, PhyteByte output score, whether the compound-PPARG interaction is In future versions of the software, we anticipate more flexibility in both the inputs and databases. For example, 177 inputs may include phenotypes (to be linked to a set of target gene products and user-defined food compound 178 datasets following a pre-defined schema may be used to complement FooDB. Additionally, as more follow-up 179 testing of food compound-target interactions is performed, those results can be used as a complementary 180 source of interactions for PhyteByte and form the basis for a catalog of all such interactions for a single food. 181
Complementary data streams, such as those based on text mining [5], pharmacology networks [24] or drug 182 interaction data (to identify potential similar food compound interaction effects), could provide additional 183 support for food compound-phenotype links. Future work also should include more fine-grained annotations of 184 positive training molecules (based on type of effect on the target, strength, and mechanism of action) as well 185
as alternative QSAR modeling approaches [25] . 186 187
Conclusions 188
PhyteByte is a machine learning-based tool for discovery of interactions between food compounds and specific 189 proteins or phenotypes. The software enables prioritization of these compounds for future research and 
